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VIDEO SEARCH ENGINE USING JOINT 
CATEGORIZATION OF VIDEO CLIPS AND 

QUERIES BASED ON MULTIPLE MODALITIES 

TECHNICAL FIELD 

[0001] This invention relates generally to search engines, 
and more particularly provides a video search engine that 
uses joint categorization of video clips and queries based on 
multiple modalities. 

BACKGROUND 

[0002] Internet content is vast and distributed Widely 
across many locations. To identify content of interest, a 
search engine and/or navigator is required for meaningful 
retrieval of information. 

[0003] There are numerous search engines and navigators 
capable of searching for speci?c Internet content. Current 
search engines and navigators are designed to search for text 
Within Web pages or other Internet ?les. A search engine 
locates and stores the location of information and various 
descriptions of the information in a searchable index. 

[0004] A search engine may rely upon content providers to 
establish the location of the content and descriptive search 
terms to enable users of the search engine to ?nd the content. 
Alternatively, the search engine registration process may be 
automated. A content provider places one or more metatags 
into a Web page or other content. Each metatag may contain 
keyWords that a search engine can use to index the page. 

[0005] To search for Internet content, a search engine may 
use a Web craWler. The Web craWler automatically craWls 
through Web pages folloWing every link from one Web page 
to other Web pages until all links are exhausted. As the Web 
craWler craWls through Web pages, the Web craWler corre 
lates descriptive tags on each Web page With the location of 
the page to construct a searchable database. 

[0006] Lately, video and graphic content, being more 
content-rich, is becoming a more common and preferred 
content form. As With text and ?les, the vast amount of video 
and graphic content is distributed Widely across many loca 
tions, creating the need for a video search engine. HoWever, 
video and graphic content does not lend itself to easy 
searching techniques because video and graphics often do 
not contain text that is easily searchable by currently avail 
able search engines. Further, since there is no uniform 
format for identifying and describing a video or a graphic, 
currently available search engines and broWsers are inelfec 
tive at meaningful indexing and meaningful retrieval in 
response to a search query. 

[0007] Compared With already successful Web page search 
engine technology, video search engine technology is still in 
its infant stage. Content-based multimedia retrieval (CBMR) 
has been under intensive research for more than a decade 
and a large number of features and similarity metrics have 
been proposed. HoWever, the success of CBMR is rather 
limited. Accordingly, systems and methods capable of 
indexing video content and searching vast video databases 
are needed. 

SUMMARY 

[0008] One embodiment of the present invention may 
include a video search engine. Another embodiment of the 
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present invention may include a standalone application for 
video classi?cation tasks in other video database applica 
tions (e.g., entertainment, archiving, museums, surveillance 
video monitoring, etc.). Other embodiments are also pos 
sible. 

[0009] To boost search relevance of a large scale video 
search engine on the Internet, a specialized video categori 
zation system combining multiple classi?ers based on dif 
ferent modalities (e.g., text, audio, video, image, etc.) is 
provided. Using the different modalities, a video index is 
generated. In one embodiment, a specialized video catego 
rization system combines classi?ers based on both metadata 
and content features. Di?‘erent video categorization learning 
techniques, including Naive Bayes classi?er With mixture of 
multinomials, Maximum Entropy classi?er, and/or a Sup 
port Vector Machine classi?er, may be used to develop the 
video categorization learning function. 

[0010] Further, by studying query logs, it is notable that 
most users look for video clips falling in speci?c categories 
(e.g., neWs, movies, music, religion, educational, sports, 
etc.), but that users typically input only a feW query Words. 
In fact, it is notable that more than 90% of queries contain 
less than three Words. For example, users searching for 
“hurricane katrina” typically desire neWs video clips about 
the recent hurricane Katrina, instead of education videos 
about the generation of hurricanes instructed by a person 
Whose name happens to be Katrina. Similarly, users search 
ing for “Madonna” are more likely interested in music 
videos of the pop star Madonna, instead of some funny 
videos of a person Whose name happens to be Madonna. By 
learning query and clicking history, a query pro?le genera 
tion technique can be applied to query categorization. 

[0011] In one embodiment, the system integrates online 
query categorization With o?line video categorization to 
generate search results. In another embodiment, the system 
uses only video categorization Without query pro?ling tech 
niques. In one embodiment, the system enables the user to 
select from various categories to re?ne the search results. In 
certain embodiments, joint categorization of queries and 
videos proves to boost video search relevance and user 
search experience. 

[0012] In one embodiment, the present invention provides 
a method comprising generating one classi?cation model for 
determining Whether a video clip belongs to a category using 
one modality; generating a second classi?cation model for 
determining Whether the video clip belongs to a category 
using another modality, the tWo modalities used being 
different; and generating a fusion model that uses the results 
of the ?rst classi?cation model and the second classi?cation 
model for determining Whether the video clip belongs to the 
category. The ?rst classi?cation model may include a meta 
data-based classi?cation model. The second classi?cation 
model may include a content-based classi?cation model. 
The generating the second classi?cation model may include 
extracting a keyframe from the video clip and extracting 
features from the keyframe. Each classi?cation model may 
be generated by using a machine learning technology, such 
as Support Vector Machine. 

[0013] In another embodiment, the present invention pro 
vides a system comprising a ?rst learning engine for gen 
erating a ?rst classi?cation model to determine Whether a 
video clip belongs to a category; a second learning engine 
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for generating a second classi?cation model to determine 
Whether the video clip belongs to a category, the ?rst 
classi?cation model being based on a different modality than 
the second classi?cation model; and a third learning engine 
for generating a fusion model that uses the results of the ?rst 
classi?cation model and the second classi?cation model to 
determine Whether the video clip belongs to a category. The 
?rst classi?cation model may be based on available meta 
data. The second classi?cation model may be based on 
content features of the video clip. The system may further 
comprise a video analysis component for extracting a key 
frame from the video clip; and a feature extraction compo 
nent for extracting features from the keyframe. Each of the 
?rst, second and third learning engines may use a statistical 
pattern classi?cation technology, such as Support Vector 
Machine. 

[0014] In yet another embodiment, the present invention 
provides a method comprising obtaining a video clip; using 
a ?rst classi?cation model to determine Whether the video 
clip belongs to a category; using a second classi?cation 
model to determine Whether the video clip belongs to a 
category, the ?rst classi?cation model being based on a 
different modality than the second classi?cation model; 
using a fusion model that uses the results of the ?rst 
classi?cation model and the second classi?cation model to 
determine Whether the video clip belongs to a category; and 
indexing the video clips based on the result of the fusion 
model in a video index. The ?rst classi?cation model may 
include a metadata-based classi?cation model. The second 
classi?cation model may include a content-based classi?ca 
tion model. The method may further comprise extracting a 
keyframe from the video clip and extracting features from 
the keyframe. The method may further comprise generating 
video search results in response to a query classi?cation 
method and enabling selection of a category corresponding 
to the query classi?cation results. The category may be 
identi?ed from the possible categories of a subset of the 
query classi?cation results. The category may be identi?ed 
based on a query pro?le associated With the query using a 
learning method. The query pro?les may be determined 
based on users’ queries and click history. The query pro?les 
may be determined based on popular queries and click 
history. 
[0015] In another embodiment, the present invention pro 
vides a system comprising a ?rst classi?cation model for 
determining Whether a video clip belongs to a category; a 
second classi?cation model for determining Whether the 
video clip belongs to a category, the ?rst classi?cation model 
being based on a different modality than the second classi 
?cation model; a fusion model that uses the results of the 
?rst classi?cation model and the second classi?cation model 
for determining Whether the video clip belongs to a cat 
egory; and an index building component for indexing the 
video clips based on the result of the fusion model in a video 
index. The ?rst classi?cation model may include a metadata 
based classi?cation model. The second classi?cation model 
may include a content-based classi?cation model. The sys 
tem may further comprise a video analysis component for 
extracting a keyframe from the video clip; and a feature 
extraction component for extracting features from the key 
frame. The system may further comprise a video search 
engine for generating video search results in response to a 
query and enabling selection of a category corresponding to 
the query classi?cation results. The video search engine may 
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identify the category from the possible categories of a subset 
of the query classi?cation results. The video search engine 
may identify the category based on a query pro?le associ 
ated With the query using a learning method. The video 
search engine may determine the query pro?les based on 
users’ personal queries and click history. The video search 
engine may determine the query pro?les based on popular 
queries and click history. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0016] FIG. 1 is a block diagram ofa video classi?cation 
training system in accordance With an embodiment of the 
present invention. 

[0017] FIG. 2 is a block diagram illustrating details of a 
video classi?cation and searching system, in accordance 
With an embodiment of the present invention. 

[0018] FIGS. 3A and 3B are screen-shots of example 
search results to a query, in accordance With an embodiment 
of the present invention. 

[0019] FIG. 4 is a screen-shot of example search results to 
the search term “Tom Cruise” limited to the category of 
neWs video clips, in accordance With an embodiment of the 
present invention. 

[0020] FIG. 5 is a block diagram illustrating details of a 
computer system. 

[0021] FIG. 6 is ?owchart illustrating a method of training 
a video search engine, in accordance With an embodiment of 
the present invention. 

[0022] FIG. 7 is a ?owchart illustrating a method of 
indexing and searching a video database using dual modali 
ties and possibly query pro?ling, in accordance With an 
embodiment of the present invention. 

[0023] FIG. 8 is a block diagram illustrating details of a 
method of generating a query pro?le, possibly by the query 
pro?le generation learning component, in accordance With 
an embodiment of the present invention. 

DETAILED DESCRIPTION 

[0024] The folloWing description is provided to enable any 
person skilled in the art to make and use the invention, and 
is provided in the context of a particular application and its 
requirements. Various modi?cations to the embodiments are 
possible to those skilled in the art, and the generic principles 
de?ned herein may be applied to these and other embodi 
ments and applications Without departing from the spirit and 
scope of the invention. Thus, the present invention is not 
intended to be limited to the embodiments shoWn, but is to 
be accorded the Widest scope consistent With the principles, 
features and teachings disclosed herein. 

[0025] One embodiment of the present invention may 
include a video search engine: Another embodiment of the 
present invention may include a standalone application for 
video classi?cation tasks in other video database applica 
tions (e.g., entertainment, archiving, museums, surveillance 
video monitoring, etc.). Other embodiments are also pos 
sible. 

[0026] To boost search relevance of a large scale video 
search engine on the Internet, a specialiZed video categori 
Zation frameWork combines multiple classi?ers based on 
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different modalities (e.g., text, audio, video, image, etc.) is 
developed. Using the different modalities, a video index is 
generated. In one embodiment, a specialized video catego 
rization framework combines multiple classi?ers based on 
both metadata and content features. Different video catego 
rization learning techniques, including Naive Bayes classi 
?er With mixture of multinomials, Maximum Entropy clas 
si?er, and/or a Support Vector Machine classi?er, may be 
used to develop the video categorization learning function. 

[0027] Further, by studying query logs, it is notable that 
most users look for video clips falling in speci?c categories 
(e.g., neWs, movies, music, religion, educational, sports, 
etc.), but that users typically input only a feW query Words. 
In fact, it is notable that more than 90% of queries contain 
less than three Words. For example, users searching for 
“hurricane katrina” typically desire neWs video clips about 
the recent hurricane Katrina, instead of education video clips 
about the generation of hurricanes instructed by a person 
Whose name happens to be Katrina. Similarly, users search 
ing for “Madonna” are more likely interested in music 
videos of the artist Madonna, instead of some funny videos 
of a person Whose name happens to be Madonna. By 
learning query and clicking history, a query pro?le genera 
tion technique can be applied to query categorization. 

[0028] In one embodiment, the system integrates online 
query categorization With o?line video categorization to 
generate search results. In another embodiment, the system 
uses only video categorization Without query pro?ling tech 
niques. In one embodiment, the system enables the user to 
select from various categories to re?ne the search results. In 
a certain embodiment, joint categorization of queries and 
videos proves to boost video search relevance and user 
search experience. 

[0029] FIG. 1 is a block diagram illustrating details of a 
video search engine training system 100, in accordance With 
an embodiment of the present invention. Video search 
engine training system 100 applies tWo modalities for train 
ing, namely, modality 105 using metadata-based analysis 
and modality 110 using content-based analysis. Using meta 
data-based modality 105 and content-based modality 110, 
the video search training system 100 generates video cat 
egorization models for categorizing video clips into a variety 
of categories, e.g., neWs, music, movies, educational, sports, 
religion, professional, etc. In one embodiment, a video 
categorization model may be generated for each category. 
That Way, a video clip may fall into multiple categories. The 
metadata-based classi?cation model (e.g., a Support Vector 
Machine (SVM) based model) 125 and content-based clas 
si?cation model (e.g., a SVM based model) 150 together 
form an example dual modality learning machine 155. 

[0030] Metadata-based modality 105 begins by obtaining 
training video metadata 115 (e.g., author information, tag 
information, domain information, title information, referring 
URL, abstract, keyWord, description, etc.) for a training set 
of videos. The training video metadata 115 for each video 
clip can be obtained from the video ?le itself or from various 
Internet sites linking to the video clip. A text processing 
component 120 generates text information from the video 
metadata 115, and forWards the text information to a meta 
data-based SVM 125 (although other categorization func 
tion learning engines such as Naive Bayes or Maximum 
Entropy may alternatively be used). Using the text informa 
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tion, metadata-based SVM 125 generates a metadata-based 
video categorization model 160, Which can be used to 
categorize video metadata on the Internet. The number of 
features may be large (e.g., dozens of thousands). To 
improve time/ space performance and reduce the over-?tting 
problem, feature selection methods (such as mutual infor 
mation) may be used and the optimal number of features 
determined by cross validation may be selected. 

[0031] Content-based modality 110 begins by obtaining 
the training set of videos 130 (e. g., videos obtained by a Web 
craWler). A video analysis component 135 locates represen 
tative video keyframes 140, possibly using techniques as 
described in the article, entitled “Key frame selection to 
Represent a Video” by F. Defaux, and published in IEEE 
International Conference on Image Processing in year 2000. 
A feature extraction component 145 extracts features (e.g., 
spatial color distributions, texture, facial recognition, object 
recognition, shape features, and/or the like) from the video 
keyframes 140 and forWards the extracted features to a 
content-based SVM 150 (although other categorization 
function learning engines such as Naive Bayes or Maximum 
Entropy may alternatively be used). Using the video key 
frames and a predetermined set or determinable set of 
features, the content-based SVM 150 generates a content 
based video classi?cation model 165, Which can be used to 
categorize video clips based on their content on the Internet. 

[0032] In one embodiment, the feature extraction compo 
nent 145 extracts color distribution of frames. To represent 
the spatial color distribution of frames in the video, feature 
extraction component 145 computes color autocorrelogo 
rams. Color autocorrelograms compute a histogram of color 
pairs in different distances. It can be de?ned as 

Where [pl-p2] is the L1 distance betWeen pixel p1 and p2 
Whose color is in bin ci. 

[0033] In another embodiment, the feature extraction com 
ponent 145 extracts texture feature for frames. To represent 
the texture feature, the feature extraction component uni 
formly partitions each frame into blocks, and computes 
Gabor Wavelet coe?icients by a ?lter bank for each block. A 
tWo dimensional Gabor function g(x,y) and its Fourier 
transform can be Written as: 

denotes the upper center frequency of interest. Based on the 
mother Gabor Wavelet g(x,y), a self-similar ?lter dictionary 
can be obtained by appropriate dilations and rotations of 
g(x,y) through the generating function: 
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Where 

6=ns1:/ K and K] is the total number of orientations. The scalar 
factor a“In is meant to measure the energy that is independent 
of m, m=0, l, . . . , S-l. By using the ?lter response for S 

scalars and K orientations, the feature extraction component 
145 computes a vector for each block Which describes the 
texture features. The feature extraction component 145 
combines the color autocorrelograms and Gabor Wavelet 
coef?cients together to compose the content features for 
frames of one video clip. 

[0034] For metadata-based and content-based training, the 
training set of videos may include videos manually classi?ed 
by domain experts to prede?ned categories (such as News, 
Music, Movie, Finance, and Funny Video). For metadata, 
standard text processing may be performed, including 
upper-loWer case conversion, stopWord removal, phrase 
detection, and stemming. 

[0035] Different classi?cation models (e.g., Naive Bayes, 
Maximum Entropy, Support Vector Machine, etc.) may be 
applied to the metadata obtained from the training set of 
videos to generate the metadata video categorization model 
160. Similarly, different classi?cation models (e.g., Naive 
Bayes, Maximum Entropy, Support Vector Machine, etc.) 
may be applied to the video features obtained from the 
training set of videos to generate the content-based video 
classi?cation model 165. A discussion of the Naive Bayes, 
Maximum Entropy and Support Vector Machine classi?ers 
are described beloW. 

Naive Bayes 

[0036] Naive Bayes is a Well-studied classi?cation tech 
nique. Despite strong independent assumptions, its attrac 
tiveness comes from loW computational cost, relatively loW 
memory consumption, the ability to handle heterogeneous 
features and multiple categories. 

[0037] In video categorization based on text data, the 
distribution of Words for each text ?eld of video’s metadata 
is modeled as a multinomial. A text ?eld is treated as a 
sequence of Words, and it is assumed that each Word position 
is generated independently of every other. And, therefore, 
each category has a ?xed set of multinomial parameters. The 
parameter vector for a category c is 

Where n is the size of the vocabulary, Zi6Ci=l and Sci is the 
probability that Word i occurs in that category. The likeli 
hood of a video passage is a product of the parameters of the 
Words that appear in the passage: 

(22%)’ i 

Where ti,k is the frequency count of Word i in the ?eld k, 
Whose Weight is Wk, of video object 0. Filed importance 
Weight Wk is taken into consideration because different ?elds 
of video metadata have different contribution to describe the 
semantics of video clips on the aspects of precision and 
discrimination capability. This adjustment of model 
improves video categorization accuracy. By assigning a 
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prior distribution over the set of classes, MEG), the mini 
mum-error categorization rule Which selects the category 
With the largest posterior probability can be derived; it is 
de?ned as, 

1(0) = argmcax [IOgPFéJ + Z 2 Wk mlogii] 

Where bC is the threshold term and zCi is the category c Weight 
for Word i. These values are natural parameters for the 

decision boundary. The parameters EC] are estimated from 
the training data. This is done in our system by selecting a 
Dirichlet prior and taking the expectation of the parameter 
With respect to the posterior. This gives a simple form for the 
estimate of the multinomial parameter, Which involves the 
?eld-Weighted number of times Word i appears in the 
passages of videos belonging to class c (2kWkNk,C, Where 
Nikc is the number of times Word i appears in the ?eld k of 
video clips in category c, divided by the total ?eld-Weighted 
number of Word occurrences in ?eld k of class C@kWkNk,C). 
For Word i, a prior adds in (xi imagined occurrences so that 
the estimate is a smoothed version of the maximum likeli 
hood estimate: 

A 

Where 0t denotes the sum of the (xi. While (xi can be set 
differently for each Word, We folloW common practice by 
setting (xi=l for all Words. 

[0038] In video classi?cation based on visual content, 
each feature dimension v‘,1 is modeled as a Gaussian in 
category c, 

Where mo,d1 is the mean value of the vd, and Go’d is the 
standard deviation of the v‘,1 in category c, respectively. 
Applying a maximum-likelihood method on the training 
videos for each category c, the folloWing unbiased estima 
tions of the mean mo,d1 and the standard deviation Go’d are 
obtained: 

A l 
mqd = vi,d 
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Where vi,d1 denotes the dLh dimension of the feature vector vi 
and U0 is the number of video clips belonging to category c. 
Giving the assumption that the visual features are condi 
tional independent for category c, categorization may be 
performed based on the similar formula to the minimum 
error categorization rule provided above With reference to 
text classi?cation. 

Maximum Entropy Classi?er 

[0039] Maximum entropy is a general technique for esti 
mating probability distribution from data. The overriding 
principle in maximum entropy is that, When nothing is 
known, the distribution should be as uniform as possible, 
that is, have maximal entropy. Amaximum entropy classi?er 
estimates the conditional distribution of the category label 
given a video clip With some constraints set by using the 
training data. Each constraint expresses a characteristic of 
the training data that should also be present in the learned 
distribution. In a generalized form, each video 0 in a 
category c is represented by 

Maximum entropy alloWs a restriction of the model distri 
bution to have the same expected value for feature fi(o,c) as 
seen in the training data. Thus, the learned conditional 
distribution p(clo) should have the property: 

0 

Where U is the number of training videos. The video 
distribution p(o) is unknown. To avoid modeling it, training 
data is used Without category labels as an approximation to 
the video distribution, and enforce the constraint: 

The feature fi(o, c) is either the normalized Word counts for 
metadata or the visual feature extracted from the video 
frames. For each feature, its expected value is measured over 
the training data and is taken to be a constraint for the model 
distribution. 

[0040] When constraints are estimated in this fashion, it is 
likely that a unique distribution that has maximum entropy 
exists. Moreover, it can be shoWn that the distribution is 
alWays of the exponential form: 

Where Ki is a parameter to be estimated and Z(o) is simply 
the normalizing factor to ensure a proper probability: 
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[0041] The form of maximum entropy classi?er is a mul 
ticategory generalized form of logistic regression classi?er. 
When the constraints are estimated from labeled training 
data, the solution to the maximum entropy problem is also 
the solution to a dual maximum likelihood problem for 
models of the same exponential form. The attractiveness of 
this model is that the likelihood surface is convex, having a 
single global maximum and no local maxima. We perform a 
hill-climbing algorithm in likelihood space to ?nd the global 
maximum. To reduce the over?tting, a Gaussian prior is 
introduced on the model With the mean at zero and a 

diagonal covariance matrix. This prior favors feature 
Weightings that are closer to zero, that is, less extreme. The 
prior probability of the model is the product over the 
Gaussian of each feature value Ki With variance of. 

It has been shoWn that introducing a Gaussian prior on each 
Ki improves performance for language modeling tasks When 
sparse data causes over?tting. Similar improvements are 
also demonstrated in our experiments. 

Support Vector Machine Classi?er 

[0042] Unlike the above generative models, a Support 
Vector Machine (SVM) is a binary categorization method 
based on a discriminative model Which implements the 
structural risk minimization (SRM) principle. It creates a 
classi?er With a minimized Vapnik-Chervonenkis (VC) 
dimension. SVM minimizes an upper bound on the gener 
alization error rate. The attractiveness of SVM comes from 
its good generalization performance on pattern classi?cation 
problems Without incorporating problem domain knoWl 
edge. Video categorization may be formed as an ensemble of 
binary categorization problems With one SVM classi?er for 
each category. For a binary categorization problem, if the 
tWo categories are linearly separable, the hyperplane that 

does the separation can be easily calculated by WTo+b=0,] 
Where V1) is a Weight vector, and b is a bias. The goal of SVM 

is to ?nd the parameters VI) and b for the optimal hyperplane 
to maximize the distance betWeen the hyperplane and the 
closest data point: 

(Wanna; 
If the tWo categories are non-linearly separable, the input 
vectors should be nonlinearly mapped to a high dimensional 
feature space by an inner-product kernel function 

[0043] K(Y: Here, the feature space is a conven 
tional name in SVM literature, Which is different With the 
feature used to represent videos. Typical kernel functions are 

and sigmoid K(Y, Yi)=tan h(aOYTx>i+a1). An optimal 
hyperplane is constructed for separating the data in the high 
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dimensional feature space. The hyperplane is optimal in the 
sense of being a maximal margin classi?er With respect to 
the training data. 

[0044] In its standard formulation, SVM only outputs a 
prediction +1 or —1, Without any associated measure of 
con?dence. In one embodiment, We modify the SVM, to 
output posterior category probabilities. This modi?cation 
retains the poWerful generalization ability of SVM and 
paves the Way to Wide extensions, such as integrate Within 
a probabilistic framework. In one embodiment, the system 
uses a probabilistic version of the SVM (PSVM) similar to 
the one proposed by K. Yu et al in paper “Knowing a Tree 
From the Forest: Art Image Retrieval Using a Society of 
Pro?les”, published in ACM MM Multimedia 2003 Pro 
ceedings, Berkeley, Calif., November 2003. Here, the prob 
ability of membership in category y,y E{+1, 1}] is given by: 

Where A is the parameter to determine the slope of the 
sigmoid function. This modi?ed SVM retains the same 

decision boundary as de?ned by WTo+b=0, yet alloWs easy 
computation of posterior category probabilities. The output 
of PSVM can be compared With the output of other genera 
tive model based categorization methods. In one embodi 
ment, the system may use a cross validation scheme to set 
the parameter A for each category. In one embodiment, a 
PSVM classi?er may be used for both metadata and content 
feature of training video clips for each category. 

[0045] After constructing classi?ers 125 and 150 based on 
the metadata and content features of videos, a fusion model 
175 may be generated to combine the categorization outputs 
from the tWo modalities to boost accuracy. HoWever, the 
problem of selecting most effective classi?ers and determin 
ing the optimal combination Weights naturally folloWs. For 
some categories (e.g., neWs video, music video), metadata 
based classi?ers may have better accuracy than content 
based classi?ers; While for other categories (e.g., adult 
video) content-based feature classi?ers may Work better. To 
take advantage of this, a voting-based category-dependent 
combination scheme is developed to provide a fused output. 
Speci?cally, each video can have multiple labels (e.g., a 
?nancial neWs video belongs both to neWs category and 
?nance category). Hence, a binary classi?er for each cat 
egory is developed. And in the training phase, a k-fold 
validation procedure can be implemented to obtain an esti 
mated categorization accuracy ai,m for each category ci by 
the classi?er based on modality m. The combination scheme 
developed is: 

[0046] The video is assigned to category ci if p(ci]o) is 
larger than a threshold. ai,m re?ects the effectiveness of the 
modality m to the category ci, While pm(ci]o) is the con? 
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dence of assigning o to category ci by the modality m based 
classi?er. This scheme is a validation accuracy Weighted 
combination scheme and the strength of the classi?ers based 
on both modalities are integrated, thereby improving the 
performance of the ?nal categorization recall and precision. 

[0047] FIG. 2 is a block diagram illustrating a video 
categorization and search system 200, in accordance With an 
embodiment of the present invention. Video categorization 
and search system 200 includes a craWler 205 that obtains 
neW videos 265 ol?ine from the Internet. The craWler 205 
forWards a neW video 265 of interest to a dual modality 
categorization model 170, e.g., to the metadata-based cat 
egorization model 160 Which generates a metadata-based 
categorization output 210 (identifying the category or cat 
egories to Which the video belongs) and to the content-based 
classi?cation model 165 Which generates a content-based 
categorization output 215 (identifying the category or cat 
egories to Which the video belongs). The fusion model 175 
uses the metadata-based categorization output 210 and the 
content-based categorization output 215 to generate a single 
categorization result 220 (identifying the category or cat 
egories to Which the video belongs) for the video of interest. 
An index building component 225 indexes the video of 
interest and its categorization into a categorized video index 
230. 

[0048] Users enter a query 270 into a broWser 235 to 
conduct a video search. The broWser 270 forWards the query 
to the video search engine 240, Which includes a search 
component 275 that determines the video search results 260. 

[0049] In one embodiment, query pro?ling may not be 
integrated into the system 200. The search component 275 
may obtain the video search results 260 using conventional 
relevance function techniques, and may enable the user to 
select from the set of possible categories. For example, if the 
user enters the query “Tom Cruise,” the search component 
275 may gather the video result set, and may enable the user 
to select from the prede?ned set of categories (e.g., movie, 
religion, neWs, etc). Then, if the user selects a category, the 
search component 275 may provide a result set from the 
video clips belonging to that category. 

[0050] In another embodiment, the video search engine 
240 obtains a query pro?le 255 for the query. Query pro?le 
generation may be generated using a video search query log 
245 and a query pro?le learning component 250. The query 
pro?le learning component 250 can monitor the clicking 
habits of users in response to queries to learn the intended 
categories of the queries. For example, if users entering the 
query “Tom Cruise” regularly select betWeen neWs videos 
and movie video clips, the query pro?le learning component 
250 can pro?le the query as pertaining to one of neWs videos 
and/or movie videos. The search component 275 may enable 
users to select from those categories to Which the query 
pertains, may factor the query pro?le into Weighting the 
initial result set, may order the category options based on the 
query pro?le, etc. 

[0051] When the same query is submitted by different 
users, a typical search engine returns the same result, 
regardless of Who submitted the query. This may be unsuit 
able for users With different information needs. For example, 
for the query “apple”, some users may be interested in 
videos dealing With apple gardening, While other users may 
Want neWs or ?nancial videos related to Apple Computers. 
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One Way to disambiguate the Words in a query is to manually 
associate a small set of categories With the query. However, 
users are often too impatient to identify the proper categories 
before submitting queries. 

[0052] The video search engine 240 (or a separate logging 
engine) may gather the users’ search history, and the query 
pro?le learning component 250 may construct a query 
pro?le. To construct a query pro?le, the querying log of each 
user or all users on the search engine 240 may be analyZed. 
The query log of all vertical search engines may be analyzed 
to construct the query pro?le because users’ semantic que 
rying needs are represented similarly for any vertical search. 
From the log, tWo matrices, VT and VC, as 

TABLE 1 

Matrix representation of users’ querying log. 

(a) Matrix VT 

Video/ torn holly- foot- super touch 
Terrn cruise movie Wood ball boWl doWn 

V1 1 1 0.8 0 0 0 
V2 0.3 0.8 0.6 0 0 0 
V3 0 0 0 1 0 1 
V4 0 0 0 0.62 0.7 0.3 

(b) Matrix VC 

Video/Category Movie Sport 

V1 1 0 
V2 1 0 
V3 0 1 
V4 0 1 

[0053] Each cell in Table VT denotes the signi?cance of 
the term in the description of relevant videos (i.e., V1 to V4) 
clicked by users, Which is computed by the standard infor 
mation retrieval techniques (TF*IDF). Table VC is gener 
ated by Web surfers to describe the relationships betWeen the 
categories and the video clips. What the query pro?le 
learning component 250 intends to generate is the query 
pro?le matrix QP, Which is shoWn in Table 2. 

TABLE 2 

Matrix representation of gueg pro?le QP. 

Video/ torn holly- fo ot- sup er touch 
Terrn cruise movie Wood ball boWl doWn 

Movie 0.7 1 0.9 0 0 0 
Sport 0 0 0 1 0.67 0.55 

To learn QP from VT and VC, We apply a method based on 
linear least square ?tting (LLSF), in Which QP is computed 
such that 

VT*QPTEVC] 
With the least sum of square errors. Solving the problem by 
employing Singular Value Decomposition (SVD), the fol 
loWing equation is obtained: 

Where the SVD of VT is VT=U*S*VT; U and V are 
orthogonal matrices and S is a diagonal matrix. 
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[0054] For each query term, its related categories are 
predicted by using QP and categoriZing it accordingly. 
Speci?cally, the similarity betWeen a query vector q and 
each category vector qp in the query pro?le QP is computed 
by the Cosine function. Then, the categories are ranked in 
descending order of similarities and the top ranked catego 
ries are provided to the user for selecting the one as his/her 
query’s context. 

[0055] FIG. 8 is a block diagram illustrating details of a 
method 800 of generating a query pro?le, possibly by the 
query pro?le generation learning component 250, in accor 
dance With an embodiment of the present invention. First, 
the users’ query logs for the video search engine 240 are 
collected 805. The click history of the users for each query 
(i.e., a video list) is also collected 810. For each video, the 
labels of the categories the query belongs to are obtained 
815. The category labels may come from the video’s meta 
data or from domain experts’ judgments. Then, the video/ 
term matrix VT is built 820 for all videos in the click history 
and all query Words. The video/category matrix VC is also 
built 825 for each video in the click history. Based on the 
SVD method described above, the query pro?le is generated 
830 using matrix VT and VC. The query pro?le may be used 
to categoriZe queries online. Method 800 then ends. 

[0056] FIG. 3Ais example video search results 260 for the 
query “Tom Cruise.” The search results 260 include the links 
for selecting from tWo categories, namely, “tom cruise in 
NeWs Videos” or “tom cruise in movie videos.” In one 
embodiment, the search component 275 may identify and 
return the related categories With the video results retrieved 
Without using the query categorization. In other Words, the 
categories are based on the search results (e.g., listing the 
categories to Which the top 100 videos in the search results 
belong). In another embodiment, the related categories may 
be generated based on query categoriZation (as indicated in 
FIG. 3A). If the user selects one of the categories, then the 
search component 275 of the video search engine 275 can 
re?ne the results to identify the most relevant videos in the 
selected category. FIG. 3B is example search results 260 for 
the query “Bush.” As shoWn, the video clips are categoriZed 
into neWs videos and music videos. In this example, the 
categoriZations enable separation of topic, since neWs videos 
Will most likely refer to video clips involving George Bush 
and music videos Will likely refer to video clips of the 
grunge music group named “Bush” or pop singer named 
“Kate Bush.”FIG. 4 is example video search results 260 
re?ned in response to user selection of the NeW Videos 
category. 

[0057] FIG. 5 is a block diagram illustrating details of an 
example computer system 500, of Which system 100 or 
system 200 may be an instance. Computer system 500 
includes a processor 505, such as an Intel Pentium® micro 
processor or a Motorola PoWer PC® microprocessor, 
coupled to a communications channel 520. The computer 
system 500 further includes an input device 510 such as a 
keyboard or mouse, an output device 515 such as a cathode 
ray tube display, a communications device 525, a data 
storage device 530 such as a magnetic disk, and memory 535 
such as Random-Access Memory (RAM), each coupled to 
the communications channel 520. The communications 
interface 525 may be coupled to a netWork such as the 
Wide-area netWork commonly referred to as the Internet. 
One skilled in the art Will recogniZe that, although the data 
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storage device 530 and memory 535 are illustrated as 
different units, the data storage device 530 and memory 535 
can be parts of the same unit, distributed units, virtual 
memory, etc. 

[0058] The data storage device 530 and/or memory 535 
may store an operating system 540 such as the Microsoft 
WindoWs XP, the IBM OS/2 operating system, the MAC 
OS, or UNIX operating system and/or other programs 545. 
It Will be appreciated that a preferred embodiment may also 
be implemented on platforms and operating systems other 
than those mentioned. An embodiment may be Written using 
JAVA, C, and/or C++ language, or other programming 
languages, possibly using object oriented programming 
methodology. 
[0059] One skilled in the art recognizes that the computer 
system 500 may also include additional information, such as 
netWork connections, additional memory, additional proces 
sors, LANs, input/output lines for transferring information 
across a hardWare channel, the Internet or an intranet, etc. 
One skilled in the art Will also recognize that the programs 
and data may be received by and stored in the system in 
alternative Ways. For example, a computer-readable storage 
medium (CRSM) reader 550 such as a magnetic disk drive, 
hard disk drive, magneto-optical reader, CPU, etc. may be 
coupled to the communications bus 520 for reading a 
computer-readable storage medium (CRSM) 555 such as a 
magnetic disk, a hard disk, a magneto-optical disk, RAM, 
etc. Accordingly, the computer system 500 may receive 
programs and/ or data via the CRSM reader 550. Further, it 
Will be appreciated that the term “memory” herein is 
intended to cover all data storage media Whether permanent 
or temporary. 

[0060] FIG. 6 is ?owchart illustrating a method 600 of 
training the video classi?cation system to be used in a video 
search engine, in accordance With an embodiment of the 
present invention. Method 600 begins in step 605 With the 
obtaining of a training set of video clips, e.g., videos 130. 
The training set of video clips may be obtained from one or 
more human subjects and/or a Web craWler. In step 610, 
metadata, e.g., metadata 115, is obtained for the training set 
of video clips. The metadata may be obtained from human 
subjects, from the Internet, from the video clips themselves, 
etc. In step 615, a set of categories for categorizing the 
training set of videos are obtained. The knoWn categories 
may be provided by one or more human subjects. 

[0061] In step 620, a metadata-based categorization func 
tion is generated. In one example, to generate the metadata 
based categorization function, the metadata may be sent to 
a text preprocessing stage, e.g., to remove stopWords, adjust 
capitalization, etc. Then, the metadata may be provided to a 
metadata-based learning engine. The metadata-based leam 
ing engine may use learning techniques, e. g., a Naive Bayes 
algorithm, Maximum Entropy algorithm, or a Support Vec 
tor Machine algorithm, to generate the metadata-based cat 
egorization function using the metadata and metadata fea 
tures (Which may be provided to the metadata-based 
learning engine or determined by the metadata-based leam 
ing engine). 

[0062] In step 625, a content-based categorization func 
tion is generated. In one example, to generate the content 
based categorization function, individual keyframes may be 
?rst obtained from the videos. Then, features of the key 
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frames can be extracted, e.g., using a feature extraction 
component 145. Then, the keyframe features may be pro 
vided to a content-based learning engine. The content-based 
learning engine may use learning techniques, e.g., a Naive 
Bayes algorithm, Maximum Entropy algorithm, or a Support 
Vector Machine algorithm, to generate a content-based cat 
egorization function using the keyframe features (Which 
may be provided to the content-based learning engine or 
determined by the content-based learning engine). 

[0063] In step 630, a fusion model is generated to blend 
the categorizations determined by the metadata-based cat 
egorization function and the content-based categorization 
function. The fusion model may be generated using a query 
pro?le matrix QP learned by our developed algorithm 
described above. Weightings may be given based on the 
particular category. Method 600 then ends. 

[0064] FIG. 7 is a ?owchart illustrating a method 700 of 
indexing and searching a video database using dual modali 
ties and possibly query pro?ling, in accordance With an 
embodiment of the present invention. Method 700 begins in 
step 705 With the obtaining of neW video clips for catego 
rization and indexing. The obtaining may be implemented 
by a Web craWler, e. g., Web craWler 205, operating o?line. In 
step 710, the video clips are categorized using dual modali 
ties and indexed. The categorization may be implemented by 
a dual modality categorization model 170, e.g., a metadata 
based video classi?cation model 160 and a content-based 
video classi?cation model 165, and a fusion model 175 for 
blending the dual modality categorizations by the dual 
modality categorization model 170. The indexing may be 
implemented by an index building component, e.g., index 
building component 225. 

[0065] In step 715, the video search engine 240 receives a 
video search query. In step 720, initial video search results 
are generated based on the search query. The initial video 
search results may be generated by a video search compo 
nent on the video search engine, e.g., video search compo 
nent 275 on video search engine 240. The initial search 
results may be based on conventional relevance function 
technology, Which may ignore the indexed video categori 
zation information. In step 725, in accordance With one 
embodiment of the present invention, the video search 
engine 240 categorizes the video search query based on the 
query pro?le generated ol?ine (e.g., identifying the catego 
ries to Which the query belongs). The query pro?le may be 
based on the users’ query log or popular queries and the 
click history. 

[0066] In step 730, the video search results and one or 
more categories of the video search results may be presented 
to the user, e.g., by the video search engine 240. The 
categories enabled for selection may be determined based on 
the query pro?le, based on the categories available in the 
result set, based on both, etc. In step 735, the video search 
results may be re?ned based on user selection of a particular 
category. Re?nement of the video search results may be 
implemented by the search component 275 of the video 
search engine 240. Method 700 then ends. 

[0067] The foregoing description of the preferred embodi 
ments of the present invention is by Way of example only, 
and other variations and modi?cations of the above-de 
scribed embodiments and methods are possible in light of 
the foregoing teaching. Although the netWork sites are being 
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described as separate and distinct sites, one skilled in the art 
Will recognize that these sites may be a part of an integral 
site, may each include portions of multiple sites, or may 
include combinations of single and multiple sites. The 
various embodiments set forth herein may be implemented 
utiliZing hardWare, software, or any desired combination 
thereof. For that matter, any type of logic may be utiliZed 
Which is capable of implementing the various functionality 
set forth herein. Components may be implemented using a 
programmed general purpose digital computer, using appli 
cation speci?c integrated circuits, or using a network of 
interconnected conventional components and circuits. Con 
nections may be Wired, Wireless, modem, etc. The embodi 
ments described herein are not intended to be exhaustive or 
limiting. The present invention is limited only by the fol 
loWing claims. 

1. A method comprising: 

generating a ?rst classi?cation model for determining 
Whether a video belongs to a category; 

generating a second classi?cation model for determining 
Whether the video belongs to the category, the ?rst 
classi?cation model being based on a different modality 
than the second classi?cation model; and 

generating a fusion model that uses the results of the ?rst 
classi?cation model and the second classi?cation 
model for determining Whether the video belongs to the 
category. 

2. The method of claim 1, Wherein the ?rst classi?cation 
model includes a metadata-based classi?cation model. 

3. The method of claim 1, Wherein the second classi?ca 
tion model includes a content-based classi?cation model. 

4. The method of claim 3, Wherein the generating the 
second classi?cation model includes extracting a keyframe 
from the video clip and extracting visual features from the 
keyframe. 

5. The method of claim 1, Wherein each of the steps of 
generating a classi?cation model uses statistical pattern 
learning. 

6. The method of claim 1, Wherein the step of generating 
a fusion model uses query pro?les generated by a learning 
algorithm using users’ query logs and click history data. 

7. A system comprising: 

a ?rst learning engine for generating a ?rst classi?cation 
model for determining Whether a video belongs to a 
category; 

a second leaning engine for generating a second classi? 
cation model for determining Whether the video 
belongs to the category, the ?rst classi?cation model 
being based on a different modality than the second 
classi?cation model; and 

a third learning engine for generating a fusion model that 
uses the results of the ?rst classi?cation model and the 
second classi?cation model for determining Whether 
the video belongs to the category. 

8. The system of claim 7, Wherein the ?rst classi?cation 
model includes a metadata-based classi?cation model. 

9. The system of claim 7, Wherein the second classi?ca 
tion model includes a content-based classi?cation model. 
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10. The system of claim 9, further comprising 

a video analysis component for extracting a keyframe 
from the video clip; and 

a feature extraction component for extracting visual fea 
tures from the keyframe. 

11. The system of claim 7, Wherein each of the ?rst and 
second learning engines uses statistical pattern learning. 

12. The system of claim 7, Wherein the third learning 
engine uses query pro?les generated by a learning algorithm 
using users’ query logs and click history data. 

13. A method comprising: 

obtaining a video clip; 

using a ?rst classi?cation model to determine Whether the 
video belongs to a category; 

using a second classi?cation model to determine Whether 
the video belongs to the category, the ?rst classi?cation 
model being based on a different modality than the 
second classi?cation model; 

using a fusion model that uses the results of the ?rst 
classi?cation model and the second classi?cation 
model to determine Whether the video clip belongs to 
the category; and 

indexing the video based on the result of the fusion model 
in a video index. 

14. The method of claim 13, Wherein the ?rst classi?ca 
tion model includes a metadata-based classi?cation model. 

15. The method of claim 13, Wherein the second classi 
?cation model includes a content-based classi?cation model. 

16. The method of claim 13, Wherein the step of gener 
ating a fusion model uses query pro?les generated by a 
learning algorithm using users’ query logs and click history 
data. 

17. The method of claim 15, further comprising extracting 
a keyframe from the video clip and extracting visual features 
from the keyframe. 

18. The method of claim 13, further comprising generat 
ing video search results in response to a query and enabling 
selection of a category corresponding to the query. 

19. The method of claim 18, Wherein the category is 
identi?ed from the possible categories of a subset of the 
video search results. 

20. The method of claim 18, Wherein the category is 
identi?ed based on a query pro?le associated With the query. 

21. The method of claim 20, Wherein the query pro?le is 
determined based on users’ query logs and click history. 

22. The method of claim 20, Wherein the query pro?le is 
determined based on popular queries and click history. 

23. A system comprising: 

a ?rst classi?cation model for determining Whether a 
video clip belongs to a category; 

a second classi?cation model for determining Whether the 
video clip belongs to the category, the ?rst classi?ca 
tion model being based on a different modality than the 
second classi?cation model; 

a fusion model that uses the results of the ?rst classi? 
cation model and the second classi?cation model for 
determining Whether the video belongs to the category; 
and 
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an index building component for indexing the Video based 
on the result of the fusion model in a Video index. 

24. The system of claim 23, Wherein the ?rst classi?cation 
model includes a metadata-based classi?cation model. 

25. The system of claim 23, Wherein the second classi? 
cation model includes a content-based classi?cation model. 

26. The system of claim 25, further comprising a Video 
analysis component for extracting a keyframe from the 
Video; and 

a feature extraction component for extracting Visual fea 
tures from the keyframe. 

27. The system of claim 23, further comprising a Video 
search engine for generating Video search results in response 
to a query and enabling selection of a category correspond 
ing to the query. 
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28. The system of claim 27, Wherein the Video search 
engine identi?es the category from the possible categories of 
a subset of the Video search results. 

29. The system of claim 27, Wherein the Video search 
engine identi?es the category based on a query pro?le 
associated With the query. 

30. The system of claim 29, Wherein the Video search 
engine determines the query pro?le based on users’ query 
logs and click history. 

31. The system of claim 29, Wherein the Video search 
engine determines the query pro?le based on popular queries 
and click history. 


